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Abstract
We present a generator of virtual molecules that selects valid chem-
istry on the basis of the octet rule. Also, we introduce a mesomer
group key that allows a fast detection of duplicates in the generated
structures.
Compared to existing approaches, our model is simpler and faster,
generates new chemistry and avoids invalid chemistry. Its versatility is
illustrated by the correct generation of molecules containing third-row
elements and a surprisingly adept handling of complex boron chem-
istry.
Without any empirical parameters, our model is designed to be
valid also in unexplored regions of chemical space. One first unex-
pected finding is the high prevalence of dipolar structures among gen-
erated molecules.
1 Introduction
Chemical space can be defined as the search space of all chemically relevant
entities. It includes the universe of solid state materials such as alloys and
semiconductors that are the focus of materials science. In organic chemistry,
the focus of this contribution, chemical space is rather understood to include
The final publication is available at Springer via https://doi.org/10.1007/
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all distinct molecules. This space is being explored by a number of research
groups, including efforts to estimate its size [27], finding ways to enumerate
its elements [35] and/or to determine distances between them [37]. One
motivation for this type of research is the declining efficiency of product
development in chemistry [30]. At first glance, a likely cause for this decline
could be that most relevant molecules have been identified after 100 years of
chemical research.
A notable project in this field of research is the production of the GDB
libraries by the Reymond group. These libraries consist of all relevant mol-
ecules that contain carbon, nitrogen, oxygen and hydrogen with, e.g., GDB-
11 defined as all such molecules that contain up to 11 non-hydrogen atoms
[9, 27]. GDB-11 contains 2.6×107 entries; the latest contribution is GDB-17
with 1.7 × 1011 entries [8]. In comparison, the number of known structures
seems low. For example, the PUBCHEM database aims to collect all known
molecules and contains ∼ 2× 108 entries [2]. The commercial CAS database
has a similar size [3]. This comparison seems to indicate that only a small
fraction of chemical space has been explored, thereby contradicting its ex-
haustion as a cause of declined efficiency in product development.
Another potential cause could be that product development suffers from
a selection bias. Because researchers tend to search in well-known regions of
chemical space, large areas may have remained unexplored. This is where
virtual molecule generators may be expected to be of value: software tools
that generate chemical structures based on explicit rules. Libraries that are
produced with a virtual molecule generator may be expected to be a good
and unbiased start for any product development.
Virtual generators are routinely used in chemical analysis to produce
lists of candidates that match spectra obtained from, e.g., NMR or mass
spectrometry [12, 25]. The commercial generator MOLGEN is one such
product [10]. The open-source generator OMG was developed by Peironcely
et al [26] in 2012. It is based on the graph generating tool NAUTY/GENG
developed by McKay [18] and generates structures by permuting atom types
on graph nodes and bond orders on graph segments. The subsequent selection
of valid chemistry from all generated structures is based on a combination of
simple valency rules with a dictionary of known exceptions that is retrieved
from the Chemistry Development Kit (CDK) [32].
By contrast, the use of virtual generators in product development re-
mains less established. Most work in this area is in the field of materials
science [1, 6]. Three projects focusing on organic chemistry all address the
search for photovoltaic molecules [5, 11, 23]. In these contributions the vir-
tual chemistry is generated as a variation of existing chemistry and based on
intimate chemical expertise on the addressed problem. An example of using
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an unbiased virtual generator to explore new regions of chemical space is the
publication by Husch and Korth [14], describing the search for Li-air battery
electrolytes. The authors first describe how they selected DMSO as the best
candidate from (at the time) 67 million entries in the PUBCHEM database.
This result confirms the validity of their approach, but is nevertheless disap-
pointing as DMSO was the high-performing benchmark that the study hoped
to replace. The authors then applied the same approach to sets of virtual
molecules that had been generated with MOLGEN. However, no promising
candidates could be identified among these candidates.
A number of generators have been described that are based on different
concepts. Korth and Grimme reduce selection bias to a minimum with a gen-
erator that is based on the random generation of atom coordinates, followed
by a quantum chemical calculation to select stable and valid chemistry [17].
The LSD program developed by Nuzillard generates structures that match
spectroscopic information, based on a logical combination of constraints that
are obtained, e.g., from 2D NMR data [21]. The ACSESS framework pro-
duces representative and diverse subsets of larger, e.g., enumerated libraries
by a stochastic search [28, 36]. The SCUBIDOO database has been gener-
ated by applying a set of 58 well-defined reactions to a set of 18561 building
blocks and has the advantage that synthetic accessibility of entries is explic-
itly addressed [4]. A promising approach by Kayala and Baldi calculates
chemical reactions as combinations of electron movements, with the proba-
bility of individual movements inferred from known chemistry by an artificial
intelligence module [15, 16].
In pharmaceutical product development, a target is to generate structures
that are related to existing lead structures and/or may be expected to have a
favorable interaction at the target site. [13] For such applications it is critical
to have some measure of distance in chemical space, so that in the most ideal
case test structures can be selected that are evenly spaced around a group
of known lead structures. A recent review by von Lilienfeld [37] describes
the difficulties involved in defining such distances. Promising approaches are
described in two recent contributions [7, 38].
In this contribution we present a virtual generator that is based on the
octet rule. It is similar to OMG, but instead of accepting molecules according
to predefined valences of atom types, we accept all structures that obey the
octet rule. We compare our new generator to OMG and to GDB-11 by
generating sets of molecules containing up to 9 non-hydrogen atoms. The
comparison is based on two new keys that allow a consistent treatment of
mesomeric and tautomeric structures. For the smallest molecules in this
set we validate the generated structures by quantum chemical calculations.
Finally, we explore the general validity of our model by applying it to boron
3
chemistry and third-row (period) elements.
The remainder of this paper is organized as follows. In section 2 we de-
scribe the molecule-generating algorithm and its handling of duplicates. This
includes a discussion on automorphic, mesomeric and tautomeric structures
and a description of the keys that we use to distinguish them. The results
section starts with a detailed comparison to OMG and GDB-11, followed
by an investigation of performance and a validity check. We conclude the
result section with a selection of generated molecules that illustrate both the
versatility and the limits of our model. In section 4 we summarize our main
findings and present an outlook on future work.
2 Methods
2.1 Generator
As depicted in Figure 1, our generator is similar to OMG: in a first step we
use the GENG/NAUTY tool to generate all unique graphs of a given size,
in a second step we permute bond orders on the segments and non-hydrogen
element types on the nodes of each graph and in a third step we select valid
chemistry. The novelty of our approach is the implementation of the third
step and the addition of a fourth step in which we exclude duplicates. This
filtering for unique molecules in the final fourth step is described below. First
we describe how we select valid chemistry.
In OMG any structure is valid in which all atoms have typical valences
like four for a carbon, three for a nitrogen and two for an oxygen atom.
This simple rule is completed by a dictionary of non-typical but known-valid
atom environments that is being maintained in the Chemistry Development
Kit (CDK).
In contrast, we define valid chemistry as molecules in which all electrons
are located in a complete shell. This approach is based on the octet rule,
stating that atoms of the main-group elements tend to combine in such a
way that each atom has eight electrons in its valence shell, giving it the
same electronic configuration as a noble gas [24]. Although a simple model
without general validity, the octet rule is the next-best improvement on the
assumption of fixed valences. In our approach it replaces the CDK-listed
atom-environments.
In our implementation of the octet rule we accept only structures for
which the following equation holds:
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Figure 1: Schematic overview of the four steps involved in our generator
model: graph generation, bond and atom type permutation, validity selection
and duplicate filtering.
∑
i
(vi + bi − xi) =
∑
i
qi = 0. (1)
In this equation the summation runs over the atoms of a molecule, with xi
the number of electrons that atom i accommodates in its outer shell: xi = 2
for hydrogen and xi = 8 for all other atom types. In our model these outer
shells are exactly filled for each atom, so that the formal charge on an atom is
calculated as q = v+b−x with vi the number of valence electrons provided by
the ith atom and bi the number of bonds in which atom i participates. Here
we need to count double bonds twice, i.e., we define bi more precisely as half
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the number of electrons in bonds comprising the ith atom. The summation
over all formal atom charges gives the net charge of the molecule, which is
set to zero in this publication.
Equation 1 assists the performance of the algorithm in the second step,
by skipping bond permutations with too high a number of bond electrons.
In the third step of our algorithm, the octet rule validity check is performed
on each backbone, where we define a backbone as one permutation of bond
orders and non-hydrogen atom types for one graph. Note that equation 1 is a
necessary but not a sufficient condition for each electron to be in a complete
shell. In the implementation of our validity check we use this equation to
calculate the total number of hydrogen atoms. Based on a simple heuristic
we then distribute these hydrogen atoms on the backbone atoms and check
that we have a complete chemical structure that obeys the octet rule. It is
not obvious that such a valid structure must exist for each backbone.
2.2 Duplicates and keys
The third step of our generator produces a list of structures in the form of a
list of smiles strings [40]. Each of these strings represents one molecule, but
the reverse is not true: one molecule can be represented by more than one
smiles string. This means that our list may contain duplicate representations
of molecules. In order to generate a list of distinct molecules we need to
exclude these duplicates.
There are three kinds of duplicates that need to be considered: those
arising from graph automorphism, from mesomerism and from tautomerism.
Two structures that are either automorphic or mesomeric to each other are
duplicate representations of one distinct molecule. In this publication we
consider two tautomeric structures to represent two distinct molecules.
We consider two structures automorphic when their nodes and edges can
be mapped onto each other without breaking a bond. This is the formal
definition for the well known problem that a molecular descriptor depends
on the order in which the atoms are considered, so that for example both
HOCH2CH3 and CH3CH2OH are equally valid descriptions of ethanol. Two
structures are mesomeric when they differ only with respect to the location
of electrons. As an example we show automorphic and mesomeric represen-
tations of the molecule formamide in Figure 2 a, b and c.
Our definition of automorphic and mesomeric structures seems in agree-
ment with definitions [19] as issued by the International Union of Pure and
Applied Chemistry (IUPAC). The case of tautomerism is not so clear though.
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Figure 2: Illustration of the different forms of duplicates and the keys that
help to distinguish them: the smiles codes for two different automorphic
representations of formamide (a,b) share the same cs-key. Also the me-
someric structure (c) still represents formamide and it shares the same mg-
key. The tautomeric iminol form of formamide is a different molecule with a
different cs-key and mg-key, but it shares the same tg-key with formamide.
Methanolamin (e) is a different molecule, neither a tautomer nor an isomer
of formamide.
IUPAC defines tautomerism as: “an isomerism of the general form
G−X−Y−Z←−→ X−Y−Z−G
where the isomers (called tautomers) are readily interconvertible” [19]. In-
cluding the ready interconversion in this definition makes tautomerism to a
phenomenon that depends on timescales and conditions and is finally deter-
mined by experiment. When comparing and analyzing virtual molecules, as
we do here, such a dependence on experimental verification is problematic.
Therefore, we adopt a generalized definition and consider any two structures
tautomeric that differ only with respect to the location of protons and elec-
trons. According to this definition, ethenol is tautomeric to ethanal and 1-
hexene is tautomeric to 2-hexene, regardless of the interconversion time-scale.
Also, we thus define the zwitterionic forms of amino acids to be tautomers of
the nonionic forms and tautomerism to be a transitive relation: if both pairs
1-hexene/2-hexene and 2-hexene/3-hexene are tautomers, then also 1-hexene
and 3-hexene are tautomers.
The most widely used framework to address tautomerism and mesomerism
is the IUPAC International Chemical Identifier (InChI), which also includes
the definition of a generalized InChIKey [33]. This key is designed to allow for
easy web searches of chemical compounds and may be expected to uniquely
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identify molecules. It considers tautomers to be different representations of
one molecule, but only if the interconversion is fast: formamide and its tau-
tomeric iminol (shown in Figure 2 (d)) share the same InChIKey, whereas
the tautomers ethenol and ethanal have different keys. This seems unnec-
essarily complicated when comparing millions of virtual structures. In this
publication we use the above generalized definition of tautomerism and de-
fine two tautomeric structures to be representations of two different distinct
molecules.
In order to analyze the various forms of duplicates we calculate keys that
represent groups of structures. For each of the smiles strings produced in step
three we calculate a canonical smiles key (cs-key). This calculation is based
on a canonicalization of the node indices, a well-described problem in graph
theory, for which many algorithms have been developed. The cs-key uniquely
labels a group of structures that are automorphic to each other. Furthermore,
if we calculate m distinct cs-keys for a list of n different smiles strings, we
define the automorphism duplication factor n/m as the average number of
smiles strings produced per unique cs-key. We will use this duplication factor
when discussing the efficiency of our algorithm.
Similarly, for each cs-key we calculate a mesomeric group key (mg-key)
that uniquely labels a group of structures that are mesomeric to each other
and for each mg-key we calculate a tautomeric group key (tg-key) that labels
groups of tautomeric structures. As stated above, in this work a list of
unique mg-keys is considered to be a list of unique molecules. We do not
need the tg-key to exclude duplicates but we will use this key to analyze
the generated molecules. Our use of group keys leads to a wording that
may sound confusing at first: the mesomeric structures of a molecule are
not distinguished by mesomeric keys. Rather, they share one and the same
mesomer group key and are distinguished by their respective canonical smiles
keys.
Our mesomer group key is constructed as a cs-key without bond order
information. Our tautomer group key is a cs-key with neither bond orders
nor hydrogen atoms, to which the number of hydrogen atoms is added as a
prefix. Examples of the newly defined keys can be found in Figure 2.
3 Results
3.1 Comparison to OMG and GDB-11
In this section we test our generator on sets of small molecules that contain
C, N, O and H-atoms only. This restriction is not due to a limitation of
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our model – we choose it to allow a comparison to the well-known GDB-11
database [8, 9].
We use the term gdb-x to denote a set of all such molecules of size x,
with x defined as the number of non-hydrogen atoms. For example, the
(lower case) term gdb-6 denotes a set of molecules with six non-hydrogen
atoms. The (upper case) GDB-11 is reserved for the database of molecules
as generated and published by Reymond, comprising eleven subsets gdb-1
up to gdb-11.
We have generated the sets gdb-1 up to gdb-9 with our model and compare
them with the corresponding sets extracted from GDB-11 and obtained with
OMG. The molecular formulas that OMG requires as input were generated
with our software and we used Open Babel [22] to generate smiles strings
from the sdf files that OMG produces.
Before going into more detail, the comparison can be summarized as
follows: our model is comparable to OMG with differences in three well-
defined classes of molecules. In comparison to both OMG and our model,
GDB-11 contains roughly thousand times fewer entries, due to a focus on
pharmacological molecules.
As discussed in section 2, the comparison is based on mesomeric group
keys: for each generated structure we calculate the corresponding mg-key
and we plot in Figure 3 the number of unique mg-keys. To ensure a fair
comparison we use the exact same procedure on the sets that we generate
with OMG or extract from GDB-11 and thereby check these sets for potential
duplicates too. We do find a relatively high number of duplicates in the
OMG generated list. For example, gdb-6 as generated by OMG contains
63,295 smiles strings that represent 31,870 distinct mg-keys, on average two
mesomeric structures for each distinct molecule. In contrast we do not find
a single duplicate in GDB-11.
The search for duplicates in GDB-11 does reveal a minor shortcoming
of our approach: we calculate one mg-key for pairs of antiaromatic struc-
tures, discarding one member of such a pair as “mesomeric duplicate” where
Reymond correctly includes both. We find 24 such structures, one being
methylpentalene, as shown in Figure 4. All in all, the high degree of agree-
ment of our approach with GDB-11 is an indication for the quality of both
approaches.
In Figure 3 the solid squares indicate the number of molecules that we
generate. Our gdb-1 set consists of the expected molecules methane, ammo-
nia and water. The number of molecules grows strongly with size and reaches
half a billion distinct structures in the gdb-9 set. The open squares and cir-
cles indicate the number of molecules that OMG (squares) and Reymond
(circles) generate in agreement with our results. The logarithmic scale that
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we use to compare results over eight orders of magnitude can be misleading:
OMG generates well over a hundred times more molecules than contained in
GDB-11 and with our model we generate a further five times more.
Figure 3: Number of unique molecules generated with our software (), as
compared to those produced with OMG () or contained in GDB-11 (◦).
Figure 4: Two antiaromatic forms of 1-methylpentalene that are correctly
included in the GDB-11 and for which our model includes only one, falsely
discarding the other as a “mesomeric duplicate”.
The intention of GDB-11 is not to generate all molecules, but rather to
focus on pharmacological structures. Accordingly, a number of filters have
been applied as described by Fink and Reymond [8]. This explains why
GDB-11 contains a subset of the molecules that we generate. For example,
the 79 molecules that are missing as compared to our gdb-3 list include
carbon dioxide and 48 further molecules that contain less than two carbon
atoms. Also, six missing ring structures and three missing non-cyclic imines
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can be attributed to explicit filtering rules. All in all GDB-11 still contains
over 400 000 molecules in the sets gdb-1 to gdb-9 and it is reassuring that –
except for the 24 antiaromatic duplicates – we find every single one also in
our lists.
Figure 5: Nitromethane depicted as Lewis structure (a) or according to OMG
(b).
Comparing our results to those generated by OMG, we see that the two
tools are in complete agreement on gdb-1 with three molecules ammonia,
water and methane. First deviations show up in gdb-2 with OMG not gener-
ating carbon monoxide and in gdb-3 with 23 structures missing in the OMG
generated list, including real chemicals like ozone, nitrous acid, hydraxoic
acid, fulminic acid, diazomethane and methylisocyanide. The common fea-
ture of these structures is that they contain dipolar bonds. On the molecules
without dipolar bonds, the two tools are in complete agreement up to and
including gdb-9.
In this context the term dipolar bond is used to describe a conceptual
charge separation [19], not necessarily concomitant with an actual charge
separation. An informal more intuitive definition is that the atoms partici-
pating in dipolar bonds have atypical valencies: valencies that deviate from
the standard of four bonds for carbon, three for nitrogen and two for oxy-
gen. Not all such structures are missing in the OMG lists. One example
is nitromethane, for which we show both our and OMG’s representation in
Figure 5. In our representation one oxygen has an untypical valency of one,
nitrogen has an untypical valency of four and the charge separation is a direct
consequence of the octet rule and explicitly included. The OMG represen-
tation is based on a non-typical valence of five for nitrogen and does not
include a charge separation.
Among the molecules with untypical valencies and dipolar bonds, we find
three classes of discrepancies between our generator and OMG. The first class
is indicated by triangles in Figure 6 and comprises missed tautomers. To be
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Figure 6: Number of octet-rule-violating molecules generated by OMG (×)
and number of OMG-generated octet-rule-complying molecules that we fail
to generate (4). As a comparison we repeat from Figure 3 the number of
molecules we generate ().
precise: the triangles indicate the number of OMG generated molecules that
we fail to generate. In all cases we do find the corresponding tautomeric
group key in our result: for each of these missed molecules we generate at
least one of its tautomers. In comparison to the total number of structures,
again indicated as solid squares, it seems that for one in ten molecules we
miss a tautomer that is generated by OMG.
The second class of discrepancies are those molecules that OMG fails to
generate. As described above, carbon monoxide and ozone are two repre-
sentatives of this class. The magnitude of this discrepancy is given by the
difference between the two curves in Figure 3 and seems significant for larger
molecules: in gdb-8 OMG generates on average only one out of four molecules
we generate.
The third class of discrepancies comprises the OMG-generated molecules
that violate the octet rule. These are indicated by crosses in Figure 6 and it is
obvious that – by design – these are not contained in our result. All structures
in this class are either structures in which one atom has more than four
neighbors, or structures for which equation 1 indicates a surplus of bonds.
Typical examples are shown in Figure 7 (a) and (b). The structure shown in
(a) is obviously unlikely because of its complicated multi-ring nature, but its
violation of the octet rule is the following: Based on equation 1 we compare
2 × 5 + 3 × 6 = 28 valence electrons and 8 × 2 = 16 bond electrons with
5× 8 = 40 octet shell vacancies to conclude that this structure must violate
12
the octet model and is thereby forced to place at least two electrons in a
high-energy shell.
Figure 7: Examples of structures that are generated by OMG in violation of
the octet rule (a,b) and the graph corresponding to 3-methyl-hexane, which
has no symmetry (c): no two nodes are equivalent.
3.2 Performance / duplicates
As illustrated in Figure 1, our algorithm generates a surplus of molecules in
the first three steps, from which duplicates are discarded in the last step.
Such a design is efficient only if we are confident that the number of dis-
carded duplicates is not too high. In order to check this issue we analyze the
generation process in more detail in Figure 8.
Figure 8 shows as solid squares the average CPU time1 that is required
per generated smiles string. The high value of two milliseconds for the small-
est molecules is an artifact caused by the fact that it is based on generating
16 molecules only. The more reliable points start with gdb-5 and show an ex-
ponential increase. This time is dominated by the canonicalization algorithm
and an exponential growth in-line with our expectations.
The relevant performance criterion is not the CPU time per smiles strings
but rather the CPU time per molecule. However, this value depends strongly
both on the size and structure of the generated molecules and on the exact
question asked. Our generator seems to be significantly faster than OMG,
as illustrated by the following example: in 6500 milliseconds CPU time we
generate with our software more than 30,000 molecules matching one of the
formulas C3N2OH?, i.e., consisting of three carbon, two nitrogen, one oxygen
and any number of hydrogen atoms. For this same task OMG requires four
times longer to generate four times fewer structures. This comparison is
1milliseconds on a 3.4 GHz Intel Core i7-3770 CPU
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no more than a first indication though: a fair and exact comparison would
require an analysis of implementation versus algorithmic design, which is
beyond the scope of this work.
Figure 8: Left-hand scale: the average CPU-time required to generate one
smiles string (). Right-hand scale: two duplication factors: automorphic
duplicates correspond to the number of generated smiles per unique canonical
smiles (), mesomeric duplicates to the average number of unique canonical
smiles per mesomeric group key (◦).
The above comparison already indicates the efficiency of our algorithm.
A relatively low degree of duplicate calculations is confirmed by the automor-
phic and mesomeric duplication factors, included as open squares and circles
in Figure 8. As an example we consider gdb-6, where each of these factors
is roughly equal to two. This means that, in order to produce one distinct
molecule (i.e., one distinct mg-key), we had to generate and canonicalize on
average a total of four different smiles strings that represent two distinct
mesomers. Accordingly, the CPU time per generated molecule is four times
higher than the CPU time per smiles string. We find this result to be typical
over the complete range of generated molecules, which confirms our design:
discarding on average three out of four generated molecules seems an accept-
able price to pay for a simple algorithm. This conclusion may not be valid
for larger molecules, though.
The relatively constant ratio of discarded duplicates is a consequence of
two canceling trends: a growing mesomeric duplication factor and a falling
automorphic duplication factor. The latter trend seems surprising. It is
tentatively explained by a lower average degree of symmetry among larger
graphs. The idea is illustrated by the graph representing 3-methyl-hexane
14
in Figure 7(c), the smallest non-cyclic graph without symmetries. For this
graph alone we generate 120,738 smiles strings in gdb-7 and among these
strings not a single duplicate. Apparently such asymmetric graphs prevail
among larger molecules.
3.3 DFT calculations
In order to validate the generated molecules we performed DFT calculations
for each of the 96 gdb-3 molecules. We used the program NWCHEM [34] to
perform these calculations, choosing the m06-2x density functional [41] and
def2-TZVP basis sets [31, 39] and calculating the initial three dimensional
conformation that NWCHEM requires as input with Open Babel [22]. The
calculations require several days CPU time on a typical computer and this
time grows strongly with size: it may seem possible to extend such calcula-
tions to the gdb-4 sets, but it is clearly out of reach to perform them on all
sets.
For two cyclic molecules in our set the structure optimization did not
converge, in 16 further cyclic molecules a bond was cleaved to form a linear
structure. We interpret these results to mean that these structures were
invalid. Stability seems correlated with electron count: with one exception
the unstable rings all have a total of sixteen or less valence electrons, the
stable molecules have sixteen or more valence electrons. Overall this leaves
us with 78 distinct structures that are stable in a DFT calculation, more
than 80% of the generated structures.
Making the worst-case assumption that all 18 unstable structures should
be considered invalid substructures in larger molecules, the sets of larger
molecules should all be pruned, discarding molecules that contain one of the
invalid substructures. We would expect the effect of such a pruning to be
large and to grow with molecular size, but preliminary results up to gdb-9
do not show this: with ∼ 17% of the generated molecules being invalid in
gdb-3, we find that the prevalence of these structures remains constant at
∼17% also among larger molecules.
The verification by DFT-calculations suffers from the fact that DFT itself
is a model that may be incorrect. The above molecules that are confirmed
by DFT do include two very unlikely ring structures. Preliminary CCSD(T)
calculations that one of our reviewers recommended seem to indicate that
these two structures indeed are unstable and their confirmation by DFT an
artifact.
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3.4 Other chemistry and limits
Our approach is not limited to the second row elements carbon, nitrogen
and oxygen. To illustrate its applicability also to third-row elements we
show in Figure 9 four well-known acids as they are generated by our model.
For example, we generate nine isomers of H3PO4 and among those isomers
also the structure shown in Figure 9(b). Similar results are obtained for
H4SiO4, H2SO4 and HClO4: for each of them we generate between 10 and
20 isomers that are mainly unstable peroxides and ozonides but also include
the respective expected molecule.
For three of these four acids, the performance of OMG is very similar: it
generates the same three correct molecules and along with each of them a
number of less relevant ozonides and peroxides. The exception is perchloric
acid, which is not generated by OMG, neither are chlorous and chloric acid.
It seems that untypical valencies for the chlorine atom have not yet been
included in the OMG-version that we use.
Figure 9: Oxygen containing acids of third row elements as generated by our
model.
As a further illustration we generate three examples of boron chemistry
as shown in Figure 10: diborane, borazine and tetraborane. Two of these
16
molecules contain the three center bonds that are typical for boron chemistry.
We generate these structures as shown for diborane in accordance with our
octet rule model as protons that are associated with a bond between two
negatively charged centers. The depicted structure is not meant to base any
claims on the acidity of the proton – it is merely a mesomeric representation
that obeys the octet rule and as such provides a criterion to accept it as
valid chemistry. It is straightforward to calculate the conventional depiction
from our model and it is this conventional depiction that we use to display
tetraborane.
It is notoriously hard to calculate the correct number of hydrogen atoms
in molecules like diborane and borazine. Neither CDK, CACTUS nor Babel
seem to produce correct structures here. Tetraborane is even more compli-
cated and we don’t see how we could test this structure in either one of these
frameworks. We were not able to handle boron containing molecules at all
with our version of OMG.
With our model we generate only the one correct structure shown in
Figure 10 for the molecular formula B2H6. For B4H10 we generate three
isomers that all seem reasonable and include the correct structure as shown.
For the formula B3N3H6 we generate more than 12 000 isomers, including
the expected structure as shown.
These excursions into third-row and boron chemistry illustrate the strength
of our model but also show its limits. Our model is currently limited to a
coordination number of four and we can neither generate the octahedral mol-
ecule sulfur hexafluorid, nor the molecule pentaborane, in which one of the
boron atoms has five neighbors.
4 Conclusion
In this work we consider the graph-based generation of virtual molecules
and present two improvements: We base the selection of valid chemistry on
the octet rule and we exclude duplicates with the help of a newly defined
mesomeric group key.
Compared to the Open Molecule Generator (OMG), which is otherwise
very similar to our approach, the octet rule based selection of valid chemistry
allows us to avoid a large class of invalid structures, to include many valid
structures that OMG doesn’t generate and to increase the performance by
an order of magnitude. The versatility of the octet rule is illustrated by the
correct generation of molecules containing third row elements and complex
boron chemistry.
Our second improvement is the definition of a mesomeric group key (mg-
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Figure 10: The molecules diborane (top), borazine (bottom left) and tetrab-
orane (right) as generated by our model. For diborane we show both the
conventional depiction (left) and the generated structure that is compatible
with the octet rule (right).
key) that helps to exclude duplicates. For each generated structure we calcu-
late the corresponding mg-key and whenever we find two or more structures
that share the same mg-key, we count only one of these structures and dis-
card the others. The need for such a filter is illustrated by the large amount
of duplicates we find among OMG-generated structures.
The differences of our octet rule model as compared to OMG seem re-
stricted to one specific class of molecules. We have not found a generally
accepted name for this class and denote it informally as molecules having
atoms with atypical valences. The formal but less-common IUPAC defini-
tion for the corresponding structures seems to be “dipolar bonds”. A striking
feature of our result is the growing prevalence of this class among larger mol-
ecules. Up to and including gdb-4 the difference between our generator and
OMG is almost negligible. In contrast: in gdb-9 our octet rule classifies 50%
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of the OMG-generated molecules to be incorrect and 80% of valid molecules
to be missing.
The above text and some presentations in section 3 may leave the impres-
sion that we think our model is better because it generates more molecules.
This is not the case. Rather, we view both generators as tools to classify
smiles strings into valid and invalid molecules. Their performance should
be measured in terms of four numbers: the two correct classifications valid-
molecules-recognized and invalid-molecules-excluded in relation to the two
incorrect classifications that are often referred to as false-negatives and false-
positives. We have presented examples showing that the octet rule may be
better with respect to the first three numbers, but the big unknown remains
the number of false positives, i.e., the number of generated invalid molecules.
Our attempt to estimate this number showed only 17% false positives among
96 molecules generated in gdb-3, which seems good. However, we see no ba-
sis to extrapolate this result to the 500 million structures generated in gdb-9
and the high number by itself is not an advantage.
We do believe a prime strength of our model to be that it is based on one
single rule: among two models of equal descriptive power, the simpler model
can be expected to have more predictive power [29]. Based on this principle
we expect a superior predictive power for our single-rule model as compared
to OMG, which requires at least one valence per atom type and in addition
a list of exceptions.
One prediction of our model is the high prevalence of molecules with
untypical valencies. Well-known representatives of this class include, e.g.,
carbon monoxide, ozone, isocyanides, amine oxides and nitro compounds.
The relevance of these molecules, e.g., as pharmacological compounds, is not
so easily judged. The current view seems to be that these molecules are
too unstable to be relevant. For example, nitro compounds are the only
molecules with dipolar bonds included in GDB-11. A preliminary search
seems to confirm this view, with prime applications of nitro compounds as
explosives and of iso cyanides as highly reactive building blocks in chemical
synthesis. On the other hand, amine oxides can be very stable, as evidenced
by their widespread use as surfactants. Notably, a recent review presents
heterocyclic N-oxides as an emerging class of therapeutic agents that have
been successfully employed in a number of recent drug development projects
[20]. A hypothesis that nitro compounds and N-oxides are the two exceptions
and all other representatives are unstable is not confirmed by a search in
PUBCHEM, where we found 13,400 unique small molecules that contain a
positively charged nitrogen atom, of which only a very small fraction (less
than 400 molecules) are N-oxides or nitro compounds. It would seem of
interest to look into the use and stability of these compounds.
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Whatever the outcome of a more detailed evaluation of dipolar molecules,
it is very unlikely to confirm the current prediction of our generator that
these molecules represent 90% of chemical space. This leads back to the
problem of false-positives and to a main direction of future research: finding
additional filter criteria that help to exclude molecules that are obviously
irrelevant. Examples include the ozonides we encountered when searching
the oxygen containing acids, or the ring structures that were unstable in the
DFT structure optimization. Such an additional filter could be based on the
torsional and steric forces that arise from a three-dimensional model of a
molecule.
Also an exhaustive enumeration of all tautomers seems a worthwhile fu-
ture improvement. This seems straightforward to implement and would allow
a clearer insight into the structure of chemical space. Furthermore, exten-
sions to charged molecules, to coordination numbers higher than four and/or
to molecules with occupied d-orbitals seem possible. An obvious improve-
ment of our mesomeric group keys would be the correct handling of stereo-
isomerism. The recognition of asymmetric C-atoms is already available as
a component of the canonicalization algorithm and could be included using
the notation that is known in smiles strings.
References
[1] Rickard Armiento, Boris Kozinsky, Marco Fornari, and Gerbrand Ceder.
Screening for high-performance piezoelectrics using high-throughput
density functional theory. Phys Rev B, 84:014103, 2011.
[2] Evan E Bolton, Yanli Wang, Paul A Thiessen, and Stephen H Bryant.
Pubchem: integrated platform of small molecules and biological activi-
ties. Annu Rep Comput Chem, 4:217–241, 2008.
[3] http://www.cas.org/, 2016. Accessed September 2016.
[4] Florent Chevillard and Peter Kolb. Scubidoo: a large yet screenable and
easily searchable database of computationally created chemical com-
pounds optimized toward high likelihood of synthetic tractability. J
Chem Inf Model, 55:1824–1835, 2015.
[5] Jacqueline M Cole, Kian Sing Low, Hiroaki Ozoe, Panagiota Stathi, Chi-
toshi Kitamura, Hiroyuki Kurata, Petra Rudolf, and Takeshi Kawase.
Data mining with molecular design rules identifies new class of dyes for
dye-sensitised solar cells. Phys Chem Chem Phys, 16:26684–26690, 2014.
20
[6] Stefano Curtarolo, Gus LW Hart, Marco Buongiorno Nardelli, Natalio
Mingo, Stefano Sanvito, and Ohad Levy. The high-throughput highway
to computational materials design. Nat Mater, 12:191–201, 2013.
[7] Sandip De, Albert P Barto´k, Ga´bor Csa´nyi, and Michele Ceriotti. Com-
paring molecules and solids across structural and alchemical space. Phys
Chem Chem Phys, 18:13754–13769, 2016.
[8] Tobias Fink, Heinz Bruggesser, and Jean-Louis Reymond. Virtual ex-
ploration of the small-molecule chemical universe below 160 daltons.
Angew Chem Int Edit, 44:1504–1508, 2005.
[9] Tobias Fink and Jean-Louis Reymond. Virtual exploration of the chem-
ical universe up to 11 atoms of c, n, o, f: assembly of 26.4 million
structures (110.9 million stereoisomers) and analysis for new ring sys-
tems, stereochemistry, physicochemical properties, compound classes,
and drug discovery. J Chem Inf Model, 47:342–353, 2007.
[10] R Gugisch, A Kerber, R Laue, M Meringer, and J Weidinger. Molgen-
comb, a software package for combinatorial chemistry. MatchCommun
Math Co, 41:189–203, 2000.
[11] Johannes Hachmann, Roberto Olivares-Amaya, Adrian Jinich, An-
thony L Appleton, Martin A Blood-Forsythe, Laszlo R Seress, Car-
olina Roman-Salgado, Kai Trepte, Sule Atahan-Evrenk, Su¨leyman Er,
Supriya Shrestha, Rajib Mondal, Anatoliy Sokolov, Zhenan Bao, and
Alan Aspuru-Guzik. Lead candidates for high-performance organic pho-
tovoltaics from high-throughput quantum chemistry–the harvard clean
energy project. Energ Environ Sci, 7:698–704, 2014.
[12] Mai A Hamdalla, Ion I Mandoiu, Dennis W Hill, Sanguthevar Ra-
jasekaran, and David F Grant. Biosm: metabolomics tool for identify-
ing endogenous mammalian biochemical structures in chemical structure
space. J Chem Inf Model, 53:601–612, 2013.
[13] David Hoksza, Petr Sˇkoda, Milan Vorsˇila´k, and Daniel Svozil. Molpher:
a software framework for systematic chemical space exploration. J
Cheminform, 6:1, 2014.
[14] Tamara Husch and Martin Korth. Charting the known chemical space
for non-aqueous lithium–air battery electrolyte solvents. Phys Chem
Chem Phys, 17:22596–22603, 2015.
21
[15] Matthew A Kayala, Chloe´-Agathe Azencott, Jonathan H Chen, and
Pierre Baldi. Learning to predict chemical reactions. J Chem Inf Model,
51:2209–2222, 2011.
[16] Matthew A Kayala and Pierre Baldi. Reactionpredictor: prediction
of complex chemical reactions at the mechanistic level using machine
learning. J Chem Inf Model, 52:2526–2540, 2012.
[17] Martin Korth and Stefan Grimme. “mindless” dft benchmarking. J
Chem Theory Comput, 5:993–1003, 2009.
[18] Brendan D McKay and Adolfo Piperno. Practical graph isomorphism,
ii. J Symb Comput, 60:94–112, 2014.
[19] A. D. McNaught and A. Wilkinson. IUPAC. Compendium of Chemical
Terminology, (the ”Gold Book”). Blackwell Scientific Publications, Ox-
ford, 1997. XML on-line corrected version: http://goldbook.iupac.org.
[20] Adelphe M Mfuh and Oleg V Larionov. Heterocyclic n-oxides-an emerg-
ing class of therapeutic agents. Curr Med Chem, 22:2819–2857, 2015.
[21] Jean-Marc Nuzillard. Automatic structure determination of organic mol-
ecules: Principle and implementation of the lsd program. Chinese J
Chem, 21:1263–1267, 2003.
[22] Noel M O’Boyle, Michael Banck, Craig A James, Chris Morley, Tim
Vandermeersch, and Geoffrey R Hutchison. Open babel: an open chem-
ical toolbox. J Cheminform, 3:33, 2011.
[23] Noel M O’Boyle, Casey M Campbell, and Geoffrey R Hutchison. Com-
putational design and selection of optimal organic photovoltaic materi-
als. J Phys Chem C, 115:16200–16210, 2011.
[24] Octet rule. Wikipedia: the free encyclopedia, Wikimedia Founcation,
Inc., 2016. Accessed September 2016.
[25] Julio E Peironcely, Theo Reijmers, Leon Coulier, Andreas Bender, and
Thomas Hankemeier. Understanding and classifying metabolite space
and metabolite-likeness. PloS One, 6:e28966, 2011.
[26] Julio E Peironcely, Miguel Rojas-Cherto´, Davide Fichera, Theo Rei-
jmers, Leon Coulier, Jean-Loup Faulon, and Thomas Hankemeier. Omg:
open molecule generator. J Cheminform, 4:1, 2012.
22
[27] Jean-Louis Reymond. The chemical space project. Accounts Chem Res,
48:722–730, 2015.
[28] Chetan Rupakheti, Aaron Virshup, Weitao Yang, and David N Beratan.
Strategy to discover diverse optimal molecules in the small molecule
universe. J Chem Inf Model, 55:529–537, 2015.
[29] Stuart Russell and Peter Norvig. Artificial Intelligence, A Modern Ap-
proach. Pearson; 3 edition, 2013.
[30] Jack W Scannell, Alex Blanckley, Helen Boldon, and Brian Warrington.
Diagnosing the decline in pharmaceutical randd efficiency. Nat Rev Drug
Discov, 11:191–200, 2012.
[31] Ansgar Scha¨fer, Christian Huber, and Reinhart Ahlrichs. Fully opti-
mized contracted gaussian basis sets of triple zeta valence quality for
atoms li to kr. J Chem Phys, 100:5829–5835, 1994.
[32] Christoph Steinbeck, Yongquan Han, Stefan Kuhn, Oliver Horlacher,
Edgar Luttmann, and Egon Willighagen. The chemistry development
kit (cdk): an open-source java library for chemo-and bioinformatics. J
Chem Inf Comp Sci, 43:493–500, 2003.
[33] http://www.iupac.org/who-we-are/divisions/division-details/inchi/,
2016. Accessed September 2016.
[34] Marat Valiev, Eric J Bylaska, Niranjan Govind, Karol Kowalski, Tjerk P
Straatsma, Hubertus JJ Van Dam, Dunyou Wang, Jarek Nieplocha,
Edoardo Apra, and Theresa L Windus. Nwchem: a comprehensive and
scalable open-source solution for large scale molecular simulations. Com-
put Phys Commun, 181:1477–1489, 2010.
[35] Ruud van Deursen and Jean-Louis Reymond. Chemical space travel.
ChemMedChem, 2:636–640, 2007.
[36] Aaron M Virshup, Julia Contreras-Garc´ıa, Peter Wipf, Weitao Yang,
and David N Beratan. Stochastic voyages into uncharted chemical space
produce a representative library of all possible drug-like compounds. J
Am Chem Soc, 135:7296–7303, 2013.
[37] O Anatole von Lilienfeld. First principles view on chemical compound
space: gaining rigorous atomistic control of molecular properties. Int J
Quantum Chem, 113:1676–1689, 2013.
23
[38] O Anatole von Lilienfeld, Raghunathan Ramakrishnan, Matthias Rupp,
and Aaron Knoll. Fourier series of atomic radial distribution functions: a
molecular fingerprint for machine learning models of quantum chemical
properties. Int J Quantum Chem, 115:1084–1093, 2015.
[39] Florian Weigend and Reinhart Ahlrichs. Balanced basis sets of split
valence, triple zeta valence and quadruple zeta valence quality for h to
rn: design and assessment of accuracy. Phys Chem Chem Phys, 7:3297–
3305, 2005.
[40] David Weininger. Smiles, a chemical language and information system.
1. introduction to methodology and encoding rules. In Proc. Edinburgh
Math. SOC, volume 17, pages 1–14, 1970.
[41] Yan Zhao and Donald G Truhlar. A new local density functional for
main-group thermochemistry, transition metal bonding, thermochemical
kinetics, and noncovalent interactions. J Chem Phys, 125:194101, 2006.
24
